Introduction: Daytime sleepiness is highly prevalent in the general adult population and has been linked to an increased risk of workplace and vehicle accidents, lower professional performance and poorer health. Despite the established relationship between noise and daytime sleepiness, little research has explored the individual-level spatial distribution of noise-related sleep disturbances. We assessed the spatial dependence of daytime sleepiness and tested whether clusters of individuals exhibiting higher daytime sleepiness were characterized by higher nocturnal noise levels than other clusters. Design and Methods: Population-based cross-sectional study, in the city of Lausanne, Switzerland.
throughout the day (Ohayon, 2006) , has been linked to an increased risk of workplace and vehicle accidents (Horne and Reyner, 1995) as well as with lower professional performance and poorer health (Pagel, 2009 ). Even at non-excessive levels, daytime sleepiness has been also directly associated with cognitive impairment (Williamson and Feyer, 2000) as well as with an increased risk of stroke, congestive heart disease, cardiovascular and all-cause mortality (Blachier et al., 2012; Newman et al., 2000; Qureshi et al., 1997) .
Daytime sleepiness is highly prevalent in the general adult population. In European countries, between 5 and 20% of adults present excessive daytime sleepiness (Ohayon, 2006) , thereby substantiating the need to better understand the causes.
Intrinsic and extrinsic sleep disorders, as well as obesity, smoking, depression, and medications (Bixler et al., 2005) , can enhance daytime sleepiness through the disruption of sleep or biological rhythms (Stepanski et al., 1984) . Among the environmental factors that cause sleep disruptions, nighttime noise has been related to daytime sleepiness through nocturnal arousals and premature awakenings (Muzet, 2007) , whereby the regenerative power of sleep is reduced in response to the magnitude and frequency of noise events (Basner et al., 2008; Öhrström and Rylander, 1982) . One lab-based study investigating this relationship found that intermittent noises above 45 dB can be directly linked to daytime fatigue (Öhrström, 1993) . More targeted studies have identified positive correlations between daytime sleepiness and exposure to noise from wind turbines (Abbasi et al., 2015; Nissenbaum et al., 2012) , airplanes (Kwak et al., 2016; Callejas et al., 2015) , railways and vehicular traffic (Gislason et al., 2016; Basner et al., 2011) .
While air and neighborhood noise are important contributors to urban noise pollution, vehicular and rail traffic are the largest contributors (WHO Regional Office for Europe, 2009). In 2010, an estimated 22,500 hospital days were attributed to the effects of transportation noise in Switzerland (Vienneau et al., 2015) . Because road traffic noise is strongly associated with road type (e.g. arterial, one way) (Barrigón Morillas et al., 2002) and road network density (Mehdi et al., 2011) , urban traffic noise is inherently geographically localized. Despite the demonstrated relationship between noise and daytime sleepiness, and the considerable amount of research dedicated to the spatial distribution of noise (Licitra, 2013) , relatively little research has explored the individual-level spatial distribution of noise-related sleep disturbances (Evandt et al., 2017; Jakovljević et al., 2006) . Further, we are aware of only one study that has previously explored the spatial distribution of daytime sleepiness in particular (Grandner et al., 2012 ); yet data were collected and analyzed at the state level so that comparisons with localized environmental phenomena -such as noise -are not possible.
Spatial analysis methods have been developed and introduced in epidemiological research to explore the link between place of residence and health (Auchincloss et al., 2012) . Spatial clusters of a trait can be detected by its spatial dependence (spatial autocorrelation), defined as the covariation of properties in geographic space. Thus, geographic information systems (GIS) and high-resolution spatial modeling can be used to better localize individuals suffering from daytime sleepiness and to increase the understanding of the influence of local-level factors, such as noise, on sleepiness.
Our study had two aims: first, we calculated the spatial dependence of daytime sleepiness using a large population-based cohort. Second, we used georeferenced models of road and rail nighttime noise exposure to evaluate the noise levels in the different spatial clusters obtained and determine whether clusters of individuals showing daytime sleepiness were characterized by higher noise levels than observed in other clusters.
Data and methods

Population
The HypnoLaus Sleep study is based on the first follow-up of the CoLaus|PsyCoLaus study Preisig et al., 2009; Firmann et al., 2008) . Briefly, the baseline CoLaus|PsyCoLaus study was conducted between 2003 and 2006 and included a random sample of 6733 subjects (age range: 35 to 75 years) representative of the residents of the city of Lausanne (Switzerland, 140,738 inhabitants in July 2017). The distributions of age groups, gender, and zip codes of participants were similar to the source population. The original aim of this cohort was to study cardiovascular risk factors and psychiatric disorders in the general population and to determine their associations. Between 2009 and 2012, 5064 subjects from the baseline sample also participated in the first follow-up, which included data on daytime sleepiness. In addition to questions on demographic, medical, and treatment history as well as smoking and alcohol consumption, the subjective sleep characteristics of this cohort were evaluated through questionnaires given by trained interviewers. Only individuals living within the urban area of the Lausanne municipality were considered for this analysis (Joost et al., 2016) .
CoLaus|PsyCoLaus data were geocoded in QGIS using the MMQGIS extension (http://michaelminn.com/linux/mmqgis/), which contains a geocoding Python plugin facilitating the use of the Google Maps API.
Ethics
The institutional Ethics Committee of the University of Lausanne, which afterwards became the Ethics Commission of Canton Vaud The study was performed in agreement with the Declaration of Helsinki and its former amendments, and in accordance with the applicable Swiss legislation (LRH 810.30 , approved by the Swiss Federal Parliament on 30th of September 2011). All participants gave their signed informed consent before entering the study.
The Epworth Sleepiness Scale
Sleepiness was measured at the first physical follow-up exam using the Epworth Sleepiness Scale (ESS) (Johns, 1991) . The ESS is a selfadministered questionnaire with 8 questions. Respondents are asked to rate, on a 4-point scale (0-3), their usual chances of dozing off or falling asleep while engaged in eight different activities. The ESS score (the sum of 8 item scores, 0-3) can range from 0 to 24. A score of 10 or lower is suggestive of normal daytime sleepiness, scores from 11 to 14 are indicative of mild excessive daytime sleepiness, 15 to 17 -of moderate excessive daytime sleepiness, and a score above 18 indicates severe excessive daytime sleepiness (Johns, 1991) . The ESS internal and external validity were further demonstrated in different population samples (Johns, 2000; Parkes et al., 1998; Johns, 1992) .
Variables used for adjustment
Age, gender, anthropometry and medication regimens were recorded during the CoLaus physical visit. Body weight and height were measured by trained health care professionals with participants standing without shoes in light indoor clothing. Body mass index (BMI) was calculated as weight (kg) divided by height squared (m 2 ). Medication regimens were self-reported.
To account for the potential influence of socioeconomic status on daytime sleepiness (Stringhini et al., 2015) , we adjusted our analyses for neighborhood-level income. Data on area's income level were obtained from the 2009 Lausanne Census (Office Cantonal de la Statistique, www.scris.vd.ch). Information on median annual income covered 81 statistical sectors of the city and was expressed in Swiss francs (1 CHF = 0.85 €, January 2018). The income value was attributed to individuals on the basis of the inclusion of their place of residence within the corresponding sector.
Road and rail noise exposure
To characterize nighttime traffic noise exposure throughout the city of Lausanne, we used the sonBASE georeferenced database produced by the Swiss Federal Office for the Environment (FOEN, 2014) . These nationwide data deliver exposure to nighttime road and rail noise sources in a georeferenced 10 x 10 m grid. The emissions from noise sources were computed in a GIS using the original data available ( ). Then, propagation losses were calculated using CadnaA noise prediction software (http://www.datakustik.com) which incorporates a digital elevation model (DEM) to determine the modeled noise exposure at the reception points. Noise exposure from road and rail traffic were modeled independently of one another. The noise models were first computed in 2008, based on traffic data calculated over 72,000 km of roads and 3000 km of rail. The analysis carried out in this study use updated sonBASE datasets from 2014.
For each 10 x 10 m grid cell, total noise exposure from road and rail traffic was calculated using the following formula (Hansen, 2001 ):
The generated nighttime rail and road traffic noise exposure maps are illustrated in Fig. S1 of the Supplementary materials.
The sonBASE data were used to quantify the nighttime noise at the place of residence of the GeoHypnoLaus participants. To capture a representative noise level in the area surrounding the place of residence, we calculated the median value in dB(A) within a 25-meter radius of each participant's address; the median values were then used in the subsequent analysis.
Spatial statistics and lags
Using the geographical coordinates of the places of residence of the GeoHypnoLaus participants, the GeoDa program was used to calculate the Getis-Ord G i * statistics (hereafter Getis) for the unadjusted and adjusted ESS (Ord and Getis, 1995; Getis and Ord, 1992) in order to assess where clusters of high and low ESS values might occur throughout the city. Getis indicators measure spatial dependence and evaluate the existence of local clusters in the spatial arrangement of a given variable (here ESS). They compare the sum of individuals' ESS values in a given neighborhood (spatial lag) proportionally to the sum of individuals' ESS values throughout the whole study area (Getis and Ord, 1992) . The Getis statistic is a Z-score. The null hypothesis is that the values being analyzed exhibit a random spatial pattern. Here, statistical significance testing was based on a conditional randomization procedure (Anselin, 1995) using a sample of 999 permutations as well as on the Bonferroni/Sidak procedure to correct for multiple comparisons (Anselin, 1995) . All maps shown in this paper correspond to a significance level of 0.05, with Supplementary Fig. S2 illustrating how the significance may vary according to different α levels. Large statistically significant positive and negative Z scores reveal clustering of high and low ESS values respectively. A hot spot (Getis and Ord, 1992) is a statistically significant cluster of high values. A cold spot is a statistically significant cluster of low values. All sampling sites which are not significant -or neutral -are displayed in white.
To test the robustness of our findings, we ran the following additional sensitivity analyses: (1) we present results based on a 400 m spatial lag (which provided the largest differences in nighttime noise level), but also tested four other spatial lags (200 m, 600 m, 800 m, 1000 m); (2) we also evaluated the Local Indicators of Spatial Association -LISA (Anselin, 1995) , which -unlike the Getis methodalso identifies dissimilar values among the local high and low spots (high-low and low-high), thus preventing misclassification of individuals in areas with relatively high numbers of dissimilar neighboring individuals. The LISA statistics are detailed in the Supplementary materials.
Statistical analyses
All statistical analyses were performed using R Statistical Software (version 3.3.1 R Foundation for Statistical Computing, Vienna, Austria). For the descriptive analysis, participants were categorized into four ESS severity categories (normal, mild, moderate, and severe sleepiness according to Johns, 1991) , and associations between ESS categories and covariates were tested using either chi-square or ANOVA tests. Quantitative variables were expressed for each sleepiness category by their mean ± standard deviation; categorical variables were described by counts and percentages.
ESS was transformed to fulfill normality assumptions through a BoxCox power transformation based on the Maximum Likelihood method (Box and Cox, 1964) . Multivariate linear regression was used to model the effects of BMI, age, gender, neighborhood income, betablockers and antihypertensive medications on the observed Epworth scores. Predicted Epworth scores were then extracted from the model and used for all subsequent analysis.
Pearson's correlation was used to assess the relationships between adjusted ESS and nighttime traffic noise exposure without accounting for spatial association.
Based on the ESS clusters generated using the different spatial lags, we computed the mean nighttime noise (in dB(A)) in each of the three Getis groups constituted by all individuals respectively belonging to a) high ESS clusters, b) neutral ESS clusters, and c) low ESS clusters. We processed ANOVA tests to assess whether the difference in mean dB(A) was significant between the groups of interest and Tukey's HSD to test for significant differences between individual clusters. We additionally ran a similar comparison analysis using the five groups generated using the LISA method (see the Supplementary materials).
Results
Participant selection and characteristics
Of the 5064 participants who participated in the first CoLaus|PsyCoLaus follow-up (which included data on ESS), 499 (9.9%) were excluded from this analysis because they lived in municipal districts located in the countryside, and 17 participants (0.34%) could not be geocoded. After excluding participants because of missing data (either ESS or covariates), or because they had reported taking neuroleptics, sleeping pills, or anti-depressants, which can be used as sleeping pills (see Fig. S3 in the Supplementary materials), 3697 participants were included in this analysis. These participants were similar to the baseline CoLaus|PsyCoLaus sample in terms of their age, gender and spatial distribution, but differed in terms of median neighborhood revenue, participant BMI, betablockers and hypertensive medications potentially inviting a minor selection bias. Table 1 summarizes the characteristics of the GeoHypnoLaus participants according to the four ESS severity categories.
Among the 3697 GeoHypnoLaus participants, 53.8% were women, the mean ( ± SD) age was 56.2 ( ± 10.5) years, and the mean BMI was 26.1 ( ± 4.5) kg/m2. Median (min -max range) area's annual income level was 51,139 (31,306-98,586 ) CHF. Normal, mild, moderate and severe daytime sleepiness were present in 89.6%, 7.9%, 1.6% and 0.9% of the participants respectively. The cohort differed by age and selfreported use of antihypertensive drugs when compared across ESS categories. The modeled nighttime noise exposure levels in Lausanne ranged from 0.0 to 83.0 dB(A) and had a mean of 46.3 ( ± 9.2) dB(A).
Without accounting for the spatial component, median nighttime noise and adjusted ESS were weakly correlated (Pearson's r = 0.02; p = 0.003). There was no significant correlation between median nighttime noise and unadjusted ESS.
ESS Getis clusters
The unadjusted (Panel A) and adjusted (Panel B) ESS Getis clusters based on a 400 m neighborhood are shown in Fig. 1 . In both the unadjusted and adjusted Getis clustering, multiple significant clusters were identified. Overall, the ESS clusters persisted after adjustment and some additional clusters were identified. One exception exists in the north-eastern corner of the city where the cluster changes from a hot-to cold spot after adjustment; this occurs because the neighborhood is characteristically older and more female than elsewhere in the studyboth factors that contribute to a lower predicted Epworth value.
For the adjusted ESS, 310 individuals (8.4%) were in the high cluster class, 3008 (81.4%) presented no spatial dependence (neutral class), and 379 (10.2%) were in the low cluster class. High and low clusters tended to orient themselves latitudinally with the high ESS clusters being primarily located in the city center and with a second hotspot located in the north-east of the city. The low clusters were generally located in the East.
The clusters generated by the LISA method showed the same spatial distributions (see Fig. S4 in the Supplementary materials). For the adjusted ESS, 186 individuals (5.0%) were in the high-high cluster class, 172 (4.7%) were in the low-high cluster class, 2905 (78.6%) presented no spatial dependence (neutral class), 216 (5.8%) were in the high-low cluster class, and 218 (5.9%) were in the low-low cluster class.
Nighttime traffic noise exposure and ESS spatial clusters
The median nighttime noise exposure from road and rail traffic was significantly different across the three ESS Getis cluster classes (p < 0.001), with the majority of noise exposure being sourced from road traffic. The mean nighttime noise exposure in each of the three classes is illustrated in Fig. 2 . We observed a dose-response effect; the median nighttime noise in the high clusters was 2.10 dB(A) higher than in the neutral class (p < 0.001) and 5.16 dB(A) higher than in low clusters (p < 0.001). The mean nighttime noise exposure in each of the three clusters was 47.64, 45.54, and 42.47 dB(A) respectively.
The nighttime noise distributions also exhibited a clear dose-response effect between the LISA clusters. The difference between the nighttime noise levels in the high-high and low-low clusters was 4.49 dB(A) (p < 0.001), and 1.80 dB(A) between high-high and the neutral class (p < 0.05). Median nighttime noise levels in all five classes were above 40 dB(A). Statistically, the median nighttime noise exposure distributions exhibit the same patterns across the hot (highhigh and low-high) and cold (low-low and high-low) neighborhoods defined by the LISA clusters (i.e., the difference in median nighttime noise levels between high-high and low-high and in between low-low and high-low clusters were not significant: p = 0.99 and p = 0.065 respectively) (see Fig. S5 in Supplementary material) . "More precisely, For age, BMI and median revenue, the mean value is given with the standard deviation in brackets, and the significance is assessed with ANOVA. For the other qualitative variables, the count is given with the percentage in brackets; the significance is assessed with a X2-test or Fischer test. Fig. 1 . Clusters of 3697 GeoHypnoLaus participants for the unadjusted Epworth Sleepiness Scale (ESS) (A) and ESS adjusted for gender, age, body mass index (BMI), median neighborhood income, betablockers, antihypertensive medications (B). White dots correspond to participant's residences where ESS is not spatially dependent. Red dots correspond to participants with a statistically significant positive Z score (α = 0.05), meaning that within a 400 m neighborhood, high ESS values cluster more than would be expected if the underlying process were random. Blue dots show individuals with a statistically significant negative Z score (α=−0.05), meaning that within a 400 m neighborhood, low ESS values cluster more than would be expected if the underlying process were random. Polygons show the 81 Lausanne's statistical sectors (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article).
individuals belonging to the low-high or high-low class are exposed to similar noise levels as those in the high-high or low-low class respectively, but they exhibit opposite daytime sleepiness levels compared to their neighbors. For example, for an individual belonging to the lowhigh class, this could suggest that they might have additional noise shielding measures (e.g. residence located on a quieter street within the neighborhood, building has better sound-proofing) or that they may be generally less disturbed by noise."
Discussion
Using geo-referenced measurements of daytime sleepiness at the individual level from adults in the general population, we identified hot and cold spots of daytime sleepiness in the Swiss city of Lausanne. Daytime sleepiness was not randomly distributed and showed a significant spatial dependence. Clusters of daytime sleepiness were associated with higher median nighttime noise levels than clusters of lower daytime sleepiness. These associations were independent of major potential confounders including BMI and neighborhood income level.
Our results are based on a fine-scale geographic analysis rather than spatial aggregation. Studies that use predefined units as neighborhoods focus on the internal characteristics of the unit and ignore the effects on individual attributes resulting from interactions between nearby neighborhoods (Guessous et al., 2014) . Further, the distributions of local-scale phenomena, such as daytime sleepiness, can be smoothed out by aggregating to a spatial unit that is too large. An avoidance of spatial aggregation is particularly important when an understanding of the influence of local-scale covariates is sought. Thus, to identify daytime sleepiness clusters, we did not use a predefined unit, but instead considered space as a continuum. The cluster-based approach also provides additional advantages over regression-based approaches that do not address the principle of spatial association. First, it provides a statistical basis for the identification of problem areas and the justification of considering a spatial component when evaluating daytime sleepiness. Second, and more importantly, hotspots or priority areas for intervention are clearly identified.
The traffic in the city of Lausanne is amongst the noisiest in Switzerland (EEA, 2017). Our analysis confirmed that noise exposure from the city's rail line and major roads exceeds Swiss urban limits (50 dB(A) nighttime limit). We used high-resolution spatial modeling to localize nighttime noise and individuals suffering from daytime sleepiness to better understand the influence of local-level nighttime noise exposure. Without accounting for the spatial component, median nighttime noise and daytime sleepiness were only weakly correlated. After considering the spatial distribution of daytime sleepiness and identifying spatial clusters of high and low daytime sleepiness, we found strong associations between daytime sleepiness clusters and nighttime noise level. The differences in nighttime noise exposure between high and low clusters of daytime sleepiness were important: more than a 5 dB(A) difference after controlling for major confounders. Such a difference corresponds to more than a doubling of sound intensity and provides evidence for a dose-response effect of traffic nighttime noise exposure on daytime sleepiness. Dose-response relationships between self-reported sleep disturbances and environmental noise have been well documented (Frei et al., 2014; Miedema and Vos, 2007) . The relationships between nighttime noise and daytime sleepiness have been explored less, with only one study identifying a dose-dependent association between daytime sleepiness and proximity to wind turbines (Nissenbaum et al., 2012) . To our knowledge, our study is the first that has identified a dose-response effect of traffic noise on daytime sleepiness.
Our results suggest that 10% of adults in Lausanne suffer from excessive daytime sleepiness, and 0.9% from severe daytime sleepiness -a relatively low prevalence when compared to other western countries (Ohayon, 2006) . This could be largely attributed to the inconsistent operational definition of excessive daytime sleepiness, which makes comparison across studies difficult. Indeed, the criteria for excessive daytime sleepiness as per the ESS method tend to be more stringent than other subjective evaluations that, for example, assess the tendency to fall asleep over a week (Janson et al., 1995) or are based on napping frequency (Asplund, 1996) .
Among factors that influence daytime sleepiness, environmental factors such as noise from road and rail traffic present the advantage of being modifiable, and noise abatement is now considered an essential element of public health (Halperin, 2014) . Several interventions have therefore been proposed to mitigate road traffic noise and its human health effects (Brown and van Kamp, 2017) . Our results suggest that such interventions could be even more cost-effective in terms of public health services if they are guided by spatial information that helps identifying noisy roads in clusters of high daytime sleepiness. Noise mapping platforms and programs (e.g. NoiseSPY, CadnaA) have been developed under the EU's Environmental Noise Directive. Such platforms and programs have become an integral element for urban planning and development of noise control policy (Directive 2002/49/EC, Art. 4-8) . Results from clustering on health attributes, as demonstrated here with daytime sleepiness, could be integrated into such platforms to add further information for effective noise abatement strategies.
Study limitations and strengths
Our study presents several limitations. First, information relating to the quality of noise was missing. Noise is known to affect sleep not only through the number of noise events, but also through their acoustical properties (Basner et al., 2011) . For example, peak noise levels -which may impact subjective sleep quality more than continuous noise (Öhrström and Rylander, 1982 ) -were not considered. Second, Marks and Griefahn (2007) found that alterations of subjective evaluation of sleep were modified by noise sensitivity. Although we controlled for age, gender, BMI, neighborhood revenue, and certain confounding medications, we could not account for other factors of individual noise susceptibility (e.g. shift workers) (Basner et al., 2014) or alternative factors influencing daytime sleepiness (e.g. stress levels or presence of small children in the home). Third, participants with frequent causes of daytime sleepiness (medication, depressions) were excluded from this analysis, but other causes including restless leg syndrome, sleep apnea and primary hypersomnia of central origin such as narcolepsy and idiopathic hypersomnia were not. Nevertheless, central hypersomnias are extremely rare and were unlikely to influence results. Fourth, noise was modeled for the outside environment and we did not account for bedroom location, building-level noise isolation, or whether the participants were likely to sleep with their window open (Pirrera et al., 2014) . Further, the sonBASE nighttime noise exposure model used in this analysis was based on data collected over several years, and despite traffic having remained relatively stable in Lausanne over this time, the model is unlikely to be a perfect estimator of noise exposure at the time of the first CoLaus|PsyCoLaus follow-up. Additionally, the effects of vehicular pollution on daytime sleepiness were not considered (Gislason et al., 2016) . Finally, subjective evaluations of daytime sleepiness have been shown to be correlated with a number of health and socio-economic factors (Kim and Young, 2005) . While we adjusted the ESS values to account for potential confounders, objective measurements, such as the multiple sleep latency test (MSLT) are considered the gold standard for the assessment of daytime sleepiness (Ohayon, 2006) . Still, a systematic review concluded that the ESS can be particularly useful for group level comparisons (Kendzerska et al., 2014) .
The main strengths of our study are the large and representative sample and the availability of information at the individual address level, which allows for fine-scale analysis and enables the detection of an important local-scale dose-response effect. Contrastingly, while conventional multivariate regression also identifies a positive relationship between Epworth Sleepiness Score and nighttime noise exposure, only a 0.7 dB(A) difference is detected between normal and excessive sleepiness categories (see Fig. S6 in the Supplementary materials). Additionally, the use of a high-resolution noise exposure model eliminated the subjective bias introduced in other studies where participants are asked to rate their level of noise exposure or annoyance (Pedersen and Persson Waye, 2004) . Finally, we present a cluster-based method that has not previously been tested in the context of noise-sleep relationships to detect noise-related daytime sleepiness hot spots that can be targeted for effective intervention.
Conclusions
Daytime sleepiness is not randomly distributed and shows a spatial dependence. Clusters of higher daytime sleepiness in adults are associated with higher median nighttime noise levels. The identification of these clusters can guide tailored public health interventions.
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